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ABSTRACT
Across the United States, planning for human services relies largely upon publicprivate partnerships with nonprofit organizations as the result of decades of federal
retrenchment. The locational patterns of nonprofit human services organizations
(NHSOs) have been studied in the nonprofit literature, but there is little scholarship on
this topic in the realm of city planning. This research connects these two disciplines while
answering two questions: 1) Where do NHSOs cluster over time within metropolitan
statistical areas (MSAs)? 2) Are NHSOs locating in response to community needs,
resources, or conditions? In order to establish generalizable results across space and time,
this study used a multi-site analysis of eight MSAs in 2010 and 2018: Austin, TX;
Buffalo, NY; Cleveland, OH; Indianapolis, IN; Philadelphia, PA; Research Triangle, NC;
Sacramento, CA; and Seattle, WA. Two quantitative methods explored these questions.
First, a spatial analysis used density-based clustering to identify clusters of NHSOs
throughout each MSA. Then linear regression modeling revealed relationships between
the NHSO landscape and various socioeconomic and built environment variables. The
results of this analysis demonstrated evidence of NHSO clustering that warrants further
investigation. Furthermore, the evidence confirmed previous findings that NHSO patterns
are more related to resources and community conditions than need. While this study
contributes to a growing body of research in the nonprofit field, there are theoretical
frameworks, practical tools, and policy solutions that should prompt city planners to take
interest in this subject as well.
Key Words: nonprofit, human services, poverty, spatial analysis, linear regression
modeling
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INTRODUCTION
Across the United States, planners incorporate elements of human service
provision into their plans, from Stafford County, Virginia to SeaTac, Washington
(SeaTac City Council, 2015 and Stafford County Board of Supervisors, 2010). Human
services are vital to the mosaics of community vitality. These services exist to educate
youth, enable healthy lifestyles, shelter the displaced, grant workers job stability, respond
to disasters, abate poverty and hunger, and myriad other activities that allow individuals,
families, and neighborhoods to thrive. Within the past three decades, the nation has
experienced a shift in who is responsible for these needs. The privatization of human
services starting in the 1990s led to a precipitous rise in nonprofit human services
provision (Zunz, 2011). In fact, nonprofit human service organization (NHSO) growth
outpaced that of the population. From 2010 to 2018, NHSOs per capita increased 8.7
percent (despite population growth of only 5.7 percent), and their inflation-adjusted
revenues increased 22.4 percent (Urban Institute, 2010-2018).
Planning in practice relies on growth projections of populations and organizations
to anticipate demands on the built environment. For cities to support the delivery of
human services, a documented need calls for further research in understanding
relationships between NHSOs and the contexts in which they are situated. Most research
explores connections between the location of nonprofit organizations and their
surrounding communities across single cities and regions. Some larger scale crosscomparative analyses exist, but they lose the nuance of variances within communities by
1

using a larger unit of analysis (e.g., counties). A gap remains in examining neighborhoodlevel trends across multiple geographies and time periods. As such, this research is a
quantitative analysis of two questions:
1. Where do nonprofit human service organizations (NHSOs) cluster over time
within metropolitan statistical areas (MSAs)?
2. Are NHSOs locating in response to community needs, resources, or
conditions?
This study was modeled after a small body of existing research, but it differs in a
few critical dimensions. At the onset, a clear, detailed definition of a nonprofit human
service organization guided a precise representation of the scope of services planners
might consider (whereas other studies define NHSOs more broadly). To observe trends
with these organizations over space and time, eight MSAs – Austin, Buffalo, Cleveland,
Indianapolis, Philadelphia, Research Triangle, Sacramento, and Seattle – were studied at
the census tract level in both 2010 and 2018. Once machine-based learning identified the
clusters of NHSOs in each region, linear regression modeling illuminated trends in their
locations, distribution of revenues, and clustering patterns. These dependent variables
were tested against two different categories of independent variables: 1) socioeconomic
variables reflecting community need, including the percentage of adults without a high
school diploma, the unemployment rate, the share of median household income used for
rent, life expectancy, the rate of childhood poverty, and the presence of minority residents
and 2) built environment variables representing community resources and conditions,
2

including the percentage of vacant buildings, median house values, presence within the
principal city boundaries, and NHSO clustering.
This methodology produced findings that align with the work of other researchers.
Overall, there is evidence of NHSO clustering throughout MSAs, which can illuminate
where agglomeration and gaps in services exist. Moreover, the evidence suggests that
NHSOs are more associated with community resources and conditions than need, though
there is practical value in studying both. This paper is a hopeful next step to establishing
a methodology that can produce generalizable, statistically significant relationships
between NHSOs and their surroundings across geographies and time. It is worthwhile to
understand such urban development patterns in order to advance rationales and
techniques for planning human service provision in the future.
LITERATURE REVIEW
I. Relative Roles of the Nonprofit Sector
The nonprofit sector does not exist in a vacuum. Rather, it is one-third of what
Dennis Young calls the “shuffling of institutional conditions” (2006). Inspired by
multiple predominant theories, he posits there are three strands of relations among the
nonprofit, for-profit, and public sectors (Young 2006). The first is the supplementary
relationship, which is derived from the government failure and heterogeneity theories
put famously forth by Boris Weisbrod (1988). These theories rooted in political science
assert that communities make their preferences known as voters, thereby reflecting
homogenous majority demands for services that are assumed to be met by their elected
3

officials. Although this results in a satisfactory production of public goods and
corresponding taxation for the majority, inevitably the heterogeneous 1 preferences of
fragmented minorities are left unmet. Consequently, the nonprofit sector will grow to
meet minority demands for public goods in response to a lack of government intervention
(Weisbrod, 1988 and Douglas, 1987). When tested against other theories, government
failure has tenuous support (Corbin, 1999 and Jeong & Cui, 2019), and heterogeneity has
repeatedly failed to garner empirical evidence (Bielefeld et al., 1997, Kil, 2012 and Lu,
2017). This is likely because these studies do not account for public goods being met by
the for-profit sector (e.g., healthcare, private security), which is more difficult to measure
in a cross-comparative way (Young, 2006).
The second type is the adversarial relationship, which is inspired by Hansmann
and Weisbrod’s theories of market (also known as contract) failure theory (Young,
2006). In this framework, nonprofit organizations carve out a unique ability to evade
forces that prevent public goods from being delivered in the marketplace (Grønbjerg &
Paarlberg, 2001). For instance, much-needed services may not naturally locate in highly
distressed communities because the market cannot command the prices needed to
generate a return on investment. However, there is still tension between nonprofits and
governments to fill these market gaps, as reflected by both the advocacy and
accountability measures to protect constituents of each (Young, 2006). This theory
demonstrates how demand alone is not sufficient to dictate human service provision, and

Heterogeneity is typically measured in the literature by differences in income, age, education, religion and
ethnicity (Weisbrod, 1988 and Beielefed et al., 1997).
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it further explains why many studies have found discrepancies between need and
nonprofit response (Jossart-Marcelli & Wolch, 2003, Lee, 2017 and Kil, 2012).
The counterpart of these demand-side perspectives is known as the
complementary relationship, which is built on Salamon’s interdependence theory
(1995). In this supply-side view, nonprofits and governments are true partners that rely
on each other. While the former enjoys flexibility, efficiency, and autonomy, the latter
can offer resources, stability, and legitimacy (Lecy & van Slyke, 2012). As such,
nonprofit presence and the provision of human services in a community will purportedly
increase along with government expenditures (Kim & Kim, 2016). Researchers Lecy and
van Slyke offer some of the strongest evidence for interdependence theory, finding that
government grants and contracts result in the generation of nonprofit organizations at a
rate that is five times greater than private funds alone (2012). Several other studies
support the notion that nonprofits tend to locate in response to resources rather than need
(Jossart-Marcelli & Wolch, 2003, Lee, 2017, Grønbjerg & Paarlberg, 2001 and Kim &
Kim, 2016), though the theory has not been refined enough for establishing causation
(Peck, 2007, Lecy & van Slyke, 2012 and Kil, 2012). These supplementary, adversarial,
and complementary relationships are not mutually exclusive. Indeed, scholars LeGates
and Stout claim that the nonprofit sector sits somewhere in the middle of the citadel
(government), community, and market (Mosley, 2020). Though taken together, they help
to illustrate the importance of understanding the nonprofit sector relative to government
and market forces.

5

II. Organizational Theories to Explain NHSO Location
Studying relational roles of the nonprofit sector helps to explain its prominence in
human service provision on a macro-level, but it is less useful in studying the reasons
why a nonprofit may tend to locate in a particular community on a micro-level. As such,
theories from the literature on organizational adaptation are valuable, and they can be
grouped into three broad categories. The first are endogenous theories, such as resource
dependency, institutionalism, and strategic management. These are also known as
traditional or adaptive theories, and they identify traits within organizations (typically
for-profit) that give them propensity to behave in certain ways. In his study on the entry
and exit of NHSOs across 53 metros, one researcher found that certain characteristics that
aligned with these theories (e.g., size, age, and mission) were positively correlated with
the failure of those organizations (Twombly, 2003).
However, he also found support for exogenous theories, specifically that of
population ecology. This theory posits that external factors are just as influential as
internal factors in determining organizational behavior, such as when competition over
scarce resources shortens the lifespans of organizations (Twombly, 2003). In the same
study, Twombly found that certain characteristics aligned with these theories (e.g., the
extent of welfare reform initiatives) were positively correlated with the creation of those
organizations (2003). This is similar to the social origins theory introduced by Salamon
and Anheier, which states that a country’s nonprofit regime can be determined by its
political, social, and economic context (Kim & Kim, 2016). Although they used a broadly
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defined heuristic, such tools can have utility in establishing generalizable findings across
diverse geographies.
A newer vein of scholarship comprises a category of effectuating theories,
beginning with the structuration theory crafted by McQuarrie and Marwell (2009). In it,
they assert “both that organizations are structured by their geographic, organizational,
and institutional environments, and that organizations in turn structure their
environments” (McQuarrie & Marwell, 2009). In other words, NHSOs should not be
understood as passive or reactive objects of study; rather, this framework conceptualizes
organizations as socially productive parts of an integrated system (McQuarrie & Marwell,
2009). Subsequent research supports this idea by demonstrating that the majority of
nonprofits serve the immediate communities in which they are situated, though service
areas diminish with distance (Bielefeld, et al., 1997, Hwang and Powell, 2009, and
Center on Nonprofits and Philanthropy, 2021). Structuration theory is particularly useful
in connecting the study of the nonprofit sector to that of city planning since it employs a
holistic approach that is commonly found in comprehensive and human services plans.
Additionally, this theory complements agglomeration theory, which suggests that
nonprofits tend to cluster in the same fashion as other industries (e.g., the tech bubble in
Silicon Valley) (Jeong & Cui, 2019 and Bielefeld & Murdoch, 2004). There are
numerous benefits when nonprofits share networks of resources, talent, knowledge bases,
referral costs, etc. which can create self-reinforcing sectoral strength (Katz, 2014 and
Brandtner & Dunning, 2020). Studies on these patterns of co-location date back as far as
the 1970s and have repeatedly confirmed that nonprofits are not distributed evenly,
7

though explanations of clustering remain inconclusive (Katz, 2014 and Bielefeld et al.,
1997). As such, all of these theories must be used in tandem to understand the findings in
this research.

III. Methodological Examples
There are a handful of existing studies that have guided the research design of this
thesis. The first was conducted by a team of researchers led by Wolfgang Bielefeld, in
which they observed the number of NHSOs per square mile within one-, three-, and fivemile buffers of census tract centroids in Dallas County, Texas. Then they used linear
regression modeling to examine the relationships between NHSO concentrations and
their communities. The team found that NHSO location was positively correlated with
income and age, and thus concluded that NHSOs are “closest to the people most likely to
contribute to the organization or pay for services.” They also found evidence that NHSOs
are most influenced by their closest surroundings in a distance decay pattern, as
correlations weakened with decreased proximity. This supports the hypothesis put forth
by Wolpert that location matters in human service provision because there are limits to
both an organization’s geographical reach and people’s ability to travel (Bielefeld et al.,
1997).
One of the most widely cited studies of its kind that followed used a similar
methodology to study nonprofit antipoverty organizations in Southern California.
Researchers Pascale Jossart-Marcelli and Jennifer Wolch were particularly interested in
the spatial relationships among antipoverty nonprofits, community need, and public
8

expenditures. Their regional study used 168 cities as the unit of analysis. Other
comparable studies with a larger geographical scope similarly use the county level unit of
analysis, such as Lecy and Van Slyke’s study of the nation’s 331 largest MSAs (2012).
The drawback to this methodological choice is the loss of neighborhood-level detail that
can be discerned with a smaller unit such as a census tract or block group, as social issues
do not uniformly impact cities. However, this approach uncovered trends that could be
considered generalizable for the Southern California region. Using ordinary least squares
(OLS) regression modeling, they found that antipoverty organizations indeed gravitated
towards cities with higher poverty rates. However, the organizations shared stronger
relationships with lower unemployment, higher shares of married couple families, and
higher educational attainment. As such, the researchers reached a conclusion similar to
Bielefeld’s, reasoning that the mobilization of resources had greater influence on
locational decisions than need. Built environment variables were also included, and they
discovered that antipoverty organizations were less prevalent in newly incorporated cities
and suburbs (Jossart-Marcelli & Wolch, 2003).
Further studies have replicated this work using different geographies, independent
variables, and statistical methods (Table 1), though several scholars still cite gaps in the
literature. Most notably, researchers acknowledge that generalizable findings would
require cross-regional analyses and observations in changes over time. Additionally, the
literature has various names for NHSOs (e.g., social services nonprofits, anti-poverty
organizations) but a lack of explicit frameworks and definitions. Such definitions can
help make clearer connections to the chosen independent variables. For example, it
9

makes little sense to include international relief organizations in the study of local antipoverty work, as some researchers have done (Kil, 2012). All in all, this study will
contribute dimensions of explicit definitions and generalizability to the research while
further testing the theories that may have explanatory power.

Table 1: A heuristic of the key existing research on nonprofit spatial distribution that has served as the
foundation for this study. Though similar in structure, each of these preceding studies has produced
inconclusive results about the community conditions that promote NHSO development patterns.
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BACKGROUND
The bedrock of this study relies on clear definitions – what is a nonprofit, and
more specifically, what is a nonprofit human services organization (NHSO)? Although
the term “nonprofit” is commonly used colloquially to describe charities, this is a
misnomer. Nonprofits encompass a broad range of tax-exempt organizational structures
and purposes determined by the Internal Revenue Service (IRS) (Harbor Compliance,
2013). However, these typologies are relatively nascent in the United States.
Modern perceptions of the nonprofit sector have evolved over the past 150 years.
Until the end of the 19th century, all organizations (profit-seeking or not) were required
to demonstrate some contribution to “public purposes” in order to be chartered by their
respective states – and at that time, profit was considered one such public purpose. In
1874, Pennsylvania was the first state to legally delineate for-profit (or general
incorporation), non-profit (or non-commercial), and religious organizations. As other
states followed suit, the “public purposes” requirement became applicable only to the
nonprofit form in what we know today as “mission-driven” (Reich et al., 2016). The split
between the for-profit and nonprofit sectors was further codified when the 16th
Amendment to the United States Constitution was passed in 1909, which established the
federal income tax (Zunz, 2011). By 1913, tax exemptions were allowed for statechartered nonprofits; the exemptions extended to individual donors of these organizations
in 1917 to encourage citizens to give to wartime relief organizations such as the
American Red Cross and the United War Work Campaign (which would later be known
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as United Way) (Reich et al., 2016 and Zunz, 2011). In fact, legacy public charities like
these retain their own line items in IRS classifications to this day (Jones, 2019).
It should be noted that public charities are often conflated with private
foundations (Zunz, 2011). Numerous forms of foundations exist that serve similar publicserving goals: family (e.g., Ford, Rockefeller), corporate, community, and even
government (for instance, the Centers for Disease Control and Prevention has a
foundation to disseminate relief money in times of emergency quickly without
bureaucratic red tape). While these organizational forms emerged along parallel timelines
and enjoy the same tax benefits as public charities, they are distinct in the philanthropic
tradition, have different legal parameters, and typically operate with lesser degrees of
transparency (INCITE!, 2017). Therefore, private foundations were excluded from this
study, which is common for this style of research.
The relationships among the nonprofit, for-profit, and government sectors have
ebbed and flowed in our collective conception of social welfare ever since. Philanthropic
scholar Olivier Zunz calls these interrelationships the “mixed political economy.” Others
have deemed the nonprofit sector the “third sector,” “voluntary sector,” “contract state,”
or “shadow state” (Zunz, 2011 and Reich et al., 2016). The nonprofit sector’s relative size
and influence at the national scale have grown in response to the country’s
socioeconomic and political climate. For example, President Hoover addressed the Great
Depression by turning to private corporations and foundations to engineer solutions to
economic downturn; while he was in office, one third of all public charities disappeared.
In contrast, President Roosevelt (who was a product of the Progressive Era’s settlement
12

house movement in New York) resorted to heavy-handed federal control and social safety
net investment vis-à-vis The New Deal. These investments were often in the form of
direct cash subsidies to individuals, with Social Security being the most notable example
still in existence today. The promulgation of the Great Society and urban renewal policies
prompted the nonprofit sector to grow to become a mediator between the federal
government and individuals. Also still used today, mechanisms such as
Medicare/Medicaid and community development block grants are allocated to
institutions, rather than people (Zunz, 2011). This is merely a high level overview of the
nonprofit sector’s history, which many argue has been understudied by scholars in other
interdisciplinary fields including history, sociology, political science, economics – and
arguably, for the sake of this research, city planning (Zunz, 2011, Mosley, 2020, and
Brandtner & Dunning, 2020).
Accordingly, it is helpful to understand what qualifies the nonprofit form to be
researched in the context of city planning. Various scholars have claimed that the study
of nonprofits in relation to cities is “clearly in its infancy” and “remains fragmented and
lacking a framework” (Brandtner & Dunning, 2020). In response, Christof Brandtner and
Claire Dunning built on McQuarrie and Marwell’s structuration theory to set forth a
framework of their own. They argue that “nonprofits constitute a form of urban
infrastructure that both defines and reflects the city… through their direct and indirect
activities they shape the physical, economic, political, and cultural structure of cities.”
They contend that nonprofits qualify as infrastructure due to their key roles in civic
capacity, urban governance, economic networks, and anchors in the physical
13

environment. While their framework encompasses the wider array of nonprofit
organizations including art museums, think tanks, and advocacy groups, this study
focuses on human service provision (Brandtner & Dunning, 2020). Consequently, the
research will be situated within a framework of urban human services infrastructure,
which considers how the individual well-being, household stability, and neighborhood
vitality of cities is defined and reflected by the NHSOs in it.
In this research, the overarching definition of a nonprofit human service
organization (NHSO) was the range of tax-exempt, mission-driven organizations that
exist to provide education, health, and human services that are essential to individual
well-being, household stability, and neighborhood vitality. To identify these
organizations from the dataset of nonprofits provided by the National Center for
Charitable Statistics (NCCS), Figure 1 offers a useful guide. The definition began with
the IRS’s 501(c)(3) tax-exempt status for charitable, religious, and educational
organizations, and more specifically, public charities (as opposed to private foundations).
These organizations are further defined by the National Taxonomy of Exempt Entities Core Codes (NTEE-CC), which include 10 major groups, 26 subgroups (A to Z), and 655
code divisions (01 to 99) (Jones, 2019). The Human Services major group includes the
following subgroups: I) Crime & Legal-Related; J) Employment; K) Food, Agriculture &
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Nutrition; L) Housing & Shelter; M) Public Safety, Disaster Preparedness & Relief; N)
Recreation & Sports; O) Youth Development; and P) Human Services (Jones, 2019).

Figure 1: The nonprofit sector is comprised of multiple layers of tax designations, organizational
structures, and purposes, as recorded by the IRS and the NCCS annually (Harbor Compliance, 2013). The
organizations that are the focus of this research fall into the education, health, and human services
subgroups.
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However, several cities’ planning efforts include a more expansive definition of
human services that encompasses aspects of education and health as functions of overall
well-being. In just one of many examples, the City of Boulder, Colorado’s Human
Service Strategy plan includes the following goal: “Children and Youth are healthy and
successful in school and have the skills necessary for self-sufficiency and success as an
adult” (City of Boulder, 2017). Thus, the Education and Health major groups are relevant
to include in this study of NHSOs. Education only contains one subgroup (B), and Health
encompasses four: E) Health Care; F) Mental Health & Crisis Intervention; G) Voluntary
Health Associations & Medical Disciplines; and H) Medical Research (Jones, 2019).
There have also been some exclusions from this study’s definition of a NHSO.
Because they are less relevant to critical components of well-being, the following
subgroups have been eliminated: N) Recreation & Sports; G) Voluntary Health
Associations & Medical Disciplines; and H) Medical Research. Furthermore, hospitals,
universities, and private K-12 schools have been eliminated because of their uniquely
inflated revenues and subsequent potential to skew datasets. For reference, in 2015
nonprofit revenues totaled $964 billion for healthcare, $255 billion for higher education,
and $236 billion for all human services (NPQ, 2020).

METHODOLOGY
I. Geographical Sampling
As stated in the literature review, there is a need for comparative analyses in the
study of NHSOs to establish findings that are more broadly applicable than those derived
16

from a single city or region. Therefore, eight metropolitan statistical areas (MSAs) were
chosen for this research (Figure 2). Although there are myriad dimensions to compare
cities and regions, the goal of this study was not to determine which geographies shared
the greatest similarities. As such, the selection process for this research was relatively
basic. The sampling relied on likeness in the number of NHSOs per capita, the rate of
change between the two years observed, and the respective region of each MSA.
The first step was determining the areas in the United States with the most
NHSOs. Because this is a study of urban human services infrastructure, it was fitting to
focus on areas with more NHSOs. In the United States counties with the most NHSOs, 41
counties were consistently in the top 50 in both 2010 and 2018. The total population of
each county was then added to calculate the number of NHSOs per capita (i.e., per
10,000 residents) and its rate of change from 2010 to 2018. MSAs were then selected if

Figure 2: A map of the eight geographies selected. The dots represent the nonprofit human service
organizations across the county, which tend to appear more densely in areas with greater populations.
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Table 2: The eight geographies that result from a sampling method using the median number of NHSOs
per capita and comparable rates of change from 2010 to 2018. NHSOs/Capita represents the number of
NHSOs per 10,000 residents.

their principal counties were 1) closest to the median number of NHSOs per capita in
2018 and 2) within a moderate range of rates of change in NHSOs per capita from 2010
to 2018. Medians and ranges were used to avoid the influence of outliers such as
Washington, DC (which had 26.9 NHSOs per capita, or 248 percent more than the next
highest county) and Nassau, NY (which had a much larger rate of change at 24.1
percent). From this selection, two MSAs were designated to represent each region of the
United States (Table 2). 2.
Once the MSAs were selected, they were subdivided into the census tract level
unit of analysis. Using census tracts allowed the patterns of NHSO location to be studied
at the neighborhood scale, unlike other multi-site analyses that use larger units of
measurement (e.g., cities or counties). In Method 1 – Spatial Analysis, these units were
used to determine where NHSO clustering occurred (Figure 3), and in Method 2 –

Note: The counties of the Philadelphia MSA that are in New Jersey and Delaware were excluded in this
research to avoid any externalities produced by differing state policies.

2
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Statistical Analysis, they were used in linear regression modeling based on their total
number of NHSOs and revenues per capita.

Figure 3: A map of NHSOs in Seattle, Washington in 2018 shows how census tracts were used to identify
the location of NHSO clustering at the neighborhood level.

II. Variables
The dependent, independent, and control variables used in this research were
similar to those in preceding studies, though here they were more explicitly connected to
the NHSO definition. In line with earlier research, the dependent variables were the
number of NHSOs per capita (i.e., per 10,000 people) and the total NHSO revenues per
capita (i.e., per person) in each census tract. These measures represented the relative
physical and financial presence of the nonprofit form of human services provision. To
accurately compare revenues across time, those listed for 2010 were converted into 2018
dollars using an inflation formula based on the Consumer Price Index (CPI) published by
the Bureau of Labor Statistics. In short, CPI is a way to measure the cost of goods and
services across time, which can also vary by city and spending category (e.g., gas, food,
19

medical care). For the sake of simplicity, the same basic inflation formula was used for
all NHSOs, assuming a CPI of 218.1 in 2010 and 251.2 in 2018 (Alioth Finance).
The independent variables fell into two categories: socioeconomic (to
demonstrate community need) and built environment (to demonstrate resources and
physical conditions). Almost every socioeconomic variable was linked to one of the
NTEE-CC major or subgroups in the NHSO definition: Education, Employment/JobRelated, Housing & Shelter, Health, Food/Nutrition, and Youth Development. This
decision was based on the assumption that these types of organizations somehow address
the needs reflected by the independent variables. These variables are not mutually
exclusive, and their relations with each other have been studied in other fields. Thus, it is
important to remember that these variables may have compounding effects when studied
together.
Some of the associations among these variables become more apparent in a brief
discussion of why they were selected. The variable to measure Educational need was the
percentage of the adult population that has not completed a high school degree (or
equivalent). Multiple studies demonstrate the benefits of reaching this milestone, such as
increased lifetime earnings, job security, and health outcomes (US Department of Health
and Human Services, 2022). Closely related to this is the unemployment rate, which was
the variable used to in relation to Employment/Job-Related services. Although there are
other factors that affect the quality of one’s employment (e.g., full-time versus part-time,
job-skills match), it is a vital link to financial stability, housing, physical and mental
health, crime prevalence, and social capital (Nichols et al., 2013). The need for Housing
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services is its own measure, indicated by the ratio of median gross rent as a percentage of
household income. As a general rule, households spending more than 30 percent of their
income on housing costs are considered cost-burdened, and these households “may have
difficulty affording necessities such as food, clothing, transportation, and medical care”
(Rental Burdens: Rethinking Affordability Measures, 2014). To measure Health services,
life expectancy was used as a general indicator of the community’s well-being. This
variable can capture multiple health-related issues, from access to care, chronic disease
prevalence, and environmental quality (Frieden, 2010). Health is also related to nutrition,
so the need for Food/Nutrition services was represented by the percentage of households
that receive food stamps (also known as SNAP, or Supplemental Nutrition Assistance
Program, benefits) or other public assistance income. Because SNAP is the largest federal
response to food insecurity and the second largest anti-poverty program for children in
the United States, its utilization can be a proxy for need (Bacon & Baker, 2017). Poverty
is a multifaceted problem that encompasses many of these other issues; because there are
several variables that capture struggles faced by the adult population, the rate of
impoverished children was used to reflect both poverty and youth challenges.
Furthermore, this connected the variable to the Youth Development subgroup included in
the NHSO definition. Finally, the share of the population that is considered a racial or
ethnic minority was included. Though it was not directly tied to the NHSO definition,
recent evidence suggests that historic redlining practices predicated on race have
negatively impacted the economic prospects of communities today, which would indicate
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Figure 4: A simple diagram showing the connections of the socioeconomic variables to the types of
services provided by the organizations in the NHSO definition. Not pictured here are the four added
independent variables that represent built environment characteristics.

greater need for human services (Aaronson et al., 2020). In total, these seven
measurements made up the socioeconomic variables of the study, almost all of which
(except life expectancy) have been included in previous research (Figure 4).
Four more independent variables were included to capture aspects of the built
environment: building vacancy, median house values, presence within the principal city
boundaries, and containing clusters of NHSOs (see IV. Method 1 – Spatial Analysis to
learn how this variable was created). Using McQuarrie and Marwell’s urban
infrastructure framework, these are ways to measure how the built environment is both
shaped by and shapes its surroundings. Studies have shown that vacant buildings can
have neighborhood-level impacts on property crime (Boessen & Chamberlain, 2017),
social disorder (Wallace & Schalliol, 2015), surrounding tax bases (Whitaker &
Fitzpatrick, 2013), fire safety, and overall sense of community (Kim et al., 2018). Median
house values were used as a resource indicator, though it can reflect need as well;
existing studies have similarly used property values in both ways (Jossart-Marcelli &
Wolch, 2003, Peck, 2008 and Yan, et al., 2014). Presence within the principal city
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boundaries and NHSO clustering were included as binary variables to reflect the urban,
inner-city context, and potential agglomeration, respectively. The inclusion of building
vacancy and clustering were unique to this study. In sum, these built environment
variables represented a community’s resources and conditions, while reinforcing this
research’s connection to city planning.
The control variables accounted for variances in population size and change. Total
population is a standard measure used in previous studies to account for the natural
tendency for more services to locate in areas with more people. Furthermore, the rate of
population change is commonly used and is included to determine if NHSO location
follows migration patterns.

III. Data Sources and Cleaning
Several datasets were compiled for this spatial and statistical analysis. The most
important and universally utilized data was from the National Center for Charitable
Statistics (NCCS) Core Files that are published by the Urban Institute. Available for each
year from 1987 to 2018, the dataset records every nonprofit organization in the United
States that has filed a Form 990 with the IRS, including its location, revenue, NTEE-CC,
and more. For this study, the years 2010 and 2018 were selected to reflect the changing
NHSO landscape in the post-Recession, pre-Pandemic context. To clean the data, it was
first filtered for organizations that fit the NHSO definition by being assigned to the
following NTEE-CC subgroups: 3

3

See Appendix A for the complete list of NTEE-CCs used in this study.
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•
•
•

Education
Health Care
o Health Care and Mental Health & Crisis Intervention
Human Services
o Crime/Legal Related, Employment/Job Related, Food/Nutrition,
Housing/Shelter, Public Safety, Youth Development
Other careful data cleaning measures ensured accurate, consistent results. Certain

institutions such as hospitals and universities were removed due to their tendency to skew
data distributions as outliers, which is not an uncommon practice in preceding research
and other reports from the nonprofit community (Center on Nonprofits and Philanthropy,
2021). It was also necessary to remove addresses listed as P.O. Boxes since they do not
accurately reflect where NHSOs are located in physical space. Another step required
filling in any missing Federal Information Processing Standards (FIPS) county codes
using geocoding software (which was only prevalent in the 2018 dataset).
The NHSOs were then mapped in their corresponding MSAs at the county and
census tract levels using the 2010 boundaries of the U.S. Census Bureau’s TIGER/Line
Shapefiles. Each census tract’s geographic entity code (GEOID) aligned it with its
corresponding census data from the American Community Survey (ACS) 5-Year
Estimates (2006-2010 and 2014-2018). The majority of the variables were derived from
this source, as shown in Table 3.
Other variables were added from less conventional sources. The life expectancy
variable originated from the US Small-Area Life Expectancy Estimates Project
(USALEEP) published by the Centers for Disease Control and Prevention (CDC)’s
National Center for Health Statistics. It has not been used in previous NHSO studies
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since it is a more recent dataset first released in 2018. Because these estimates were only
calculated at the census tract level for the years 2010-2015 in aggregate (i.e., other time
periods are not yet available), the same dataset sufficed for both 2010 and 2018. This
decision operated under the assumption that the average number of years a person can
expect to live in each census tract did not change drastically in the three years outside of
the study period. However, this should still be considered a limitation to the findings.
Building vacancy was another departure from traditional census data. The
Aggregated Administrative Data on Address Vacancies dataset was obtained with
permission from the U.S. Department of Housing and Urban Development (HUD) in
partnership with the United States Postal Service (USPS). These datasets have been
updated quarterly since 2005 to tabulate the number of vacant residential, business, and
other properties in each census tract nationwide. However, the data was not adapted to
align with the new 2010 census tract boundaries until 2012. As such, the vacancy data in
this study was from the first quarter of 2012 and 2020. 4

The first quarter was selected in order for the data to be as close as possible to the respective years
studied. Furthermore, this mitigated any effects the pandemic may have had on vacancy in 2020.

4
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Table 3: The data sources used for each variable in this study. Some additional data points were created using these sources, such as all per capita
measures and the percent change in the total population from 2010 to 2018.

Variable

Type

Category

Source

Total NHSOs

Dependent

Urban Institute, National Center for Charitable Statistics - Core Files

Total NHSO Revenues

Dependent

Urban Institute, National Center for Charitable Statistics - Core Files

% of Adults w/o a HS Diploma

Independent

% of Labor Force Unemployed
% of Income Spent on Rent

Year(s)
2010, 2018
2010, 2018
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Socioeconomic

US Census Bureau, ACS 5-Year Estimates

2006-2010, 2014-2018

Independent

Socioeconomic

US Census Bureau, ACS 5-Year Estimates

2006-2010, 2014-2018

Independent

Socioeconomic

US Census Bureau, ACS 5-Year Estimates

2006-2010, 2014-2018

% of Households Receiving Food Stamps

Independent

Socioeconomic

US Census Bureau, ACS 5-Year Estimates

2006-2010, 2014-2018

Life Expectancy

Independent

Socioeconomic

CDC, US Small-Area Life Expectancy Estimates Project (USALEEP)

% of Children in Poverty

Independent

Socioeconomic

US Census Bureau, ACS 5-Year Estimates

2006-2010, 2014-2018

% Minority

Independent

Socioeconomic

US Census Bureau, ACS 5-Year Estimates

2006-2010, 2014-2018

% of Vacant Buildings

Independent

Built Environment HUD and USPS, Aggregated Administrative Data on Address Vacancies

Median House Value

Independent

Built Environment US Census Bureau, ACS 5-Year Estimates

Cluster Tract

Dependent/Independent Built Environment N/A

Principal City

Independent

Total Population

Independent

Built Environment Various
Control

US Census Bureau, ACS 5-Year Estimates

2010-2015

2012, 2020
2006-2010, 2014-2018
2010, 2018
N/A
2006-2010, 2014-2018

IV. Method 1 – Spatial Analysis
First, a spatial analysis explored the question of where NHSOs tend to cluster
within MSAs. To begin, all the NHSOs were mapped in ArcGIS Pro according to the
latitude and longitude coordinates in the NCCS dataset. Then they were linked to their
respective geographical units and variables using spatial joins. In this process, a small
number of NHSOs were eliminated due to either a GIS error or coordinate locations
outside of the MSA boundaries (7.3 percent were eliminated in 2010 and 2.7 percent
were eliminated in 2018). Next, NHSO clusters were identified using ArcGIS’s densitybased clustering, a machine learning tool that determines clusters of points based on their
spatial distribution. More specifically, this research used the self-adjusting (HDBSCAN,
or Hierarchical Density-Based Spatial Clustering of Applications with Noise) method,
which separates clusters of points from sparser “noise” (or non-clustered points) while
accounting for the relative density of points across the MSA. In practice, this means the
tool defines clusters differently in a dense downtown district compared to a sprawled
suburb towards the MSA boundary. It is the most data-driven method compared to
defined distance (DBSCAN) or multi-scale (OPTICS). The minimum features per cluster
was set to 10 (i.e., no cluster can have fewer than 10 NHSOs), though there may be
justification to adjust this number in a more robust statistical investigation.
New visual and numeric information emerged once the density-based clustering
tool was applied to each MSA. First, each NHSO received a cluster identification
number. All of the NHSOs that belonged to the same cluster were assigned the same
number, while those not clustered and considered “noise” were given a value of -1. These
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ID numbers were visually represented by assigning each cluster ID a unique color, with
all “noise” identified in light gray (Figure 5 – see Appendix B for all maps). Second, a
binary variable was created by assigning each census tract a value of 1 if it contained
NHSO clusters – henceforth known as “cluster tracts” – and a value of 0 if it did not. This
variable was useful in the statistical analysis to determine if there were trends in the
census tracts where NHSOs tend to cluster and whether those trends were maintained
from 2010 to 2018. The cluster tracts were represented visually with a dark gray color.
The resulting maps demonstrated that as NHSOs increase in numbers, the clusters
themselves are not necessarily fixed in time; the next methods in the study were designed
to test relationships among the areas where these clusters were located.

Figure 5: Maps of NHSOs in Sacramento, California in 2010 and 2018 showed how clusters were
differentiated by color, and the census tracts that contained clusters were indicated with dark gray.
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V. Method 2 – Statistical Analysis
Quantitative methods commenced with the added information from the spatial
analysis, which was exported back to Excel from ArcGIS Pro and combined into a single
dataset for all MSAs in both 2010 and 2018. To convert this dataset from a list of NHSOs
to a list of census tracts, a formula aggregated the number of NHSOs, their revenues, and
whether the census tract contained NHSO clusters for each unit of analysis. Further
calculations determined the percent change in the total population, number of NHSOs,
number of NHSOs per capita, NHSO revenues, and NHSO revenues per capita from
2010 to 2018.
Three quantitative tools helped interpret the data: summary statistics, multivariate
regression modeling, and binomial logit modeling. The summary statistics captured the
overall state of NHSOs and the independent variables in both 2010 and 2018. These were
calculated in Excel so that the averages of the independent variables could be weighted
according to the census tract’s total population. For example, a census tract containing
1,000 children would be weighted differently than that of 10,000 children in an estimate
of its childhood poverty rate. Histograms of the raw data revealed that most variables
demonstrated uneven distributions, so each independent variable underwent a logarithmic
transformation. This step was important to reduce the influence of outliers that can skew
each variable’s mean and overall impact on the regression models.
Multivariate regression modeling evaluated the strength of the relationship
between the number of NHSOs per capita and NHSO revenues per capita with the
various independent variables. Binomial logit modeling evaluated whether the presence
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of NHSO clustering in a census tract (a binary variable) was swayed by those same
independent variables. Three versions of each model took shape – a full model, a
socioeconomic variable-only model, and a built environment variable-only model – and
each set of models was replicated for both 2010 and 2018. In total, 18 models were
compiled and tested using R, an open-source statistical software. All of these methods
will be further explained in the following section.
FINDINGS
I. Summary Statistics 5
The summary statistics demonstrated that NHSO growth in the eight MSAs was
like that of the nation. The analysis contained 4,112 census tracts with 8,394 NHSOs in
2010 and 9,289 in 2018, a 10.7 percent increase – population growth in those MSAs
during the same time period was 9.1 percent, meaning that NHSOs increased at a slightly
faster rate than people. Each census tract had a mean of 2.0 NHSOs in 2010 and 2.3 in
2018. The NHSOs shared collective revenues of $24.1 billion in 2010 and $31.9 billion
in 2018, a 32.1 percent increase – as seen nationally, NHSO revenues increased at a pace
of three times greater than the number of organizations themselves. The census tracts had
mean revenues of $5.2 million in 2010 and $7.6 million in 2018. To compare MSAs,
Philadelphia had the most NHSOs and the highest revenues in both years, while Research
Triangle contained the least (Figure 6), which may be related to differences in population.
For instance, Philadelphia had 609,256 more residents than the next largest MSA.

5

All summary statistics reflect the variables in their raw form (i.e., before the natural log transformation).
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Figure 6: The total number of NHSOs and their cumulative revenues in each MSA for 2010 and 2018. The contrast is starker in revenues due to the
large amounts spent on human services in the Philadelphia region.

A different story unfolded when comparing NHSOs and their revenues on a
standardized, per capita basis. Figure 7 demonstrates NHSOs in number of organizations
per 10,000 people and NHSO revenues in dollars per person in each census tract. In one
notable example, although the Research Triangle contained the lowest total NHSOs, it
had the highest average NHSOs per capita in 2010. The overall mean NHSOs per capita
varied only slightly across time, from 6.2 in 2010 to 6.3 in 2018. Nevertheless, the mean
NHSO revenues per capita increased 22.7 percent across all MSAs, from $1,702 spent
per person in 2010 to $2,089 in 2018. As populations fluctuate, it can be expected that
these metrics shift accordingly. The two MSAs with population decreases, Buffalo and
Cleveland, had increases in their per capita measures (since there were fewer people to
split resources amongst). On the contrary, this pattern did not hold true for MSAs with
population increases; although the Research Triangle experienced decreases for both the
number of organizations and revenues per capita, Austin had increases for both. This
suggests that not all regions will share the same nonprofit human services sector response
to population fluctuations (which was later supported by linear regression modeling).
Nuance appeared when comparing cluster tracts to census tracts that do not
contain NSHO clusters (Figure 8). As one might predict, the number of NHSOs and their
revenues per capita were consistently higher by a large margin in cluster tracts. However,
trends across time were not the same in every MSA. Although the average number of
NHSOs and their revenues per capita in census tracts without clustering almost always
increased from 2010 to 2018 (with the exception of revenues in the Research Triangle),
the cluster tracts demonstrated no such pattern.
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Figure 7: The mean NHSOs and their revenues per capita in each MSA for 2010 and 2018. Though population trends affect these metrics, they are
not entirely predictive of changes in the NHSO landscape.
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Figure 8: The average number of NHSOs and their revenues per capita in each MSA for 2010 and 2018. These averages are consistently higher in
census tracts that contain clusters of NHSOs versus those that do not.

Table 4: The aggregate weighted averages of independent variables for all eight geographies showed
socioeconomic and built environment trends between 2010 and 2018.
Weighted Averages of Independent Variables
% of Income
Life
% Childhood
Spent on
Expectancy
Poverty
Rent

% Minority

% of
Buildings
Vacant

Median
House Value

16.9%

33.1%

3.6%

$244,531

74.2%

17.0%

37.1%

2.9%

$270,683

-0.19%

0.50%

11.97%

-20.09%

10.69%

% w/o HS
Diploma

%
Unemployed

% on Food
Stamps

2010

11.7%

7.9%

9.4%

30.8%

74.3%

2018

9.5%

5.7%

12.1%

29.9%

-18.38%

-28.07%

28.62%

-2.91%

Percent Change

To summarize the independent variables in each MSA and reveal trends over
time, a weighted average was calculated for every variable based on its corresponding
measurement (e.g., the rate of households receiving food stamps was weighted according
to the number of households in that census tract) (Table 4). 6 Some of the shifts made
sense based on wider societal developments, such as the lack of a high school diploma
decreasing as educational attainment increases, unemployment decreasing with economic
recovery from the Great Recession, and median house values increasing as a natural
function of property appreciation. Two independent variables – life expectancy and
childhood poverty – remained practically constant. Inversely, some revealed notable
change, such as a 28.6 percent increase in the rate of households receiving food stamps.
The study areas also added a greater share of minority residents, lessened rental cost
burden, and reduced building vacancy, though these changes were nominal in terms of
percentage points (versus their respective rates of change).
These weighted averages were also calculated separately for each MSA, then
delineated further by cluster tracts versus census tracts without clustering. In Appendix C,

Every variable was presented as a weighted average except for median house values, as the number of
houses in each census tract is not known.

6
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the values highlighted in blue reflect those associated with more disadvantageous life
outcomes (i.e., higher percentage of unemployment, lower life expectancy). When
comparing the weighted averages of independent variables between cluster tracts and all
other census tracts, there was only one distinct patter than emerged in every MSA for
2010 and 2018: median house values were consistently higher in cluster tracts. Across all
geographies, house values were 6.7 percent higher in 2010 and 12.2 percent higher in
2018, though the magnitude of difference between cluster tracts and all other census
tracts varied by MSA. If one were to hypothesize that nonprofits with ever-limited
budgets gravitate towards more affordable real estate, this may seem counterintuitive.
However, this finding is in line with existing research and supports the idea that NHSOs
locate closer to areas with higher property values, and thus, greater resources (Bielefeld,
et al., 1997, Jossart-Marcelli & Wolch, 2003 and Lee, 2017). The percent of income spent
on rent was the most predictably unstable variable, as the higher rental cost burden
shifted from census tracts with NHSO clusters to those without from 2010 to 2018 in
every MSA except Cleveland. Many externalities related to housing and job markets may
be influencing this migration, though it is worth noting for the next phases of analysis.

II. Spatial Analysis
The spatial analysis revealed that clusters of NHSOs shifted and densified over
time (Table 5). Of the 4,112 census tracts in the study, 1,057 indicated NHSO clustering
in 2010 (25.7 percent), 594 indicated clustering in 2018 (14.4 percent), and 516 indicated
clustering in both years (12.5 percent). All eight MSAs saw a reduction in their number
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of cluster tracts from 2010 to 2018. Moreover, 61.6 percent of all NHSOs were inside of
cluster tracts in 2010 compared to just 32.8 percent in 2018. The density-based clustering
tool may explain this trend. When the number of points increases, clusters with greater
density are prioritized, so perhaps this indicates that NHSO growth occurred in more
compact spatial patterns. Additionally, densification might have occurred more outside of
urban cores, explaining the decrease in the number of NHSOs inside clusters. In a study
of New York’s capital district from 2000 to 2015, a similar observation confirmed that
clusters emerged in the areas just outside of city boundaries (Lee, 2017).
Table 5: The prevalence of NHSO clustering in all eight MSAs. In every region, the number of census
tracts within clusters decreased, though no such pattern existed with the number of NHSOs within clusters.

III. Statistical Analysis
Three consistent patterns played out in the explanatory power of the 18 linear
regression models (Tables 6, 7, and 8). This was evidenced by comparing the adjusted R2
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values (i.e., the amount of the dependent variable that is explained by the independent
variables) from the multivariate regression models and the null versus residual deviances
from the binomial logit model. First, the models testing the number of NHSOs per capita
(R2 values ranging from 0.232 to 0.399) all performed stronger than those testing their
revenues (R2 values ranging from 0.053 to 0.151). While the former set of R2 values were
comparable to those in prior research, the latter set fell short (Jossart-Marcelli & Wolch,
2003 and Peck, 2008). Therefore, other externalities should be considered when
researching NHSO revenues. This finding also established that location and revenues do
not necessarily follow each other.
Second, the built environment variable-only models were always the leanest and
meanest, meaning they held both the highest explanatory power and degrees of statistical
significance. Conversely, the socioeconomic variable-only models were always the
weakest, and the full model results fell somewhere in the middle. This suggests need was
not the most influential factor in where NHSOs chose to locate, where their resources
were spent, or where they tended to cluster across MSAs. Rather, characteristics of the
built environment had more pull in the nonprofit human services landscape.
Third, the model fits consistently decreased from 2010 to 2018. Such decline
across the board could be related to economic and political changes during that time,
though it was likely tied to the concurrent drop in the number of cluster tracts in 2018. Of
course, this was not the only contributing factor, and the following sections will examine
how each independent variable performed in terms of statistical significance and
correlation across all models.
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Table 6: A comparison of the multivariate regression models for the total number of nonprofit human service organizations (NHSOs) for every
10,000 people in both 2010 and 2018. All of the dependent, independent, and control variables were transformed using a natural log function.

Multivariate Regression Models
2018 NHSOs Per Capita

2010 NHSOs Per Capita

Full Model

Socioeconomic

Built Environment

Full Model

Socioeconomic

Built Environment

Socioeconomic Variables
% of Adults w/o a HS Diploma
% of Labor Force Unemployed
% of Income Spent on Rent
% of Households Receiving Food Stamps
Life Expectancy
% of Children in Poverty
% Minority
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Built Environment Variables
% of Vacant Buildings
Median House Value
Cluster Tract
Principal City

Control Variables
Total Population
% Change in Total Population

Intercept
R Squared
Adjusted R Squared

-0.07339
-0.10199
-0.17454
0.04852
-0.79073
0.04001
-0.03909

**
**
*
.
.
.
.

0.10187
0.19603
0.51587
0.25465

***
***
***
***

-0.12346
-0.11778
-0.13248
0.07543
0.07740
0.04271
0.06231

***
**
.
**

0.001321
-0.033078
-0.098447
-0.055541 .
-0.982645 *
0.011502
-0.050615 *

.
**
0.09679
0.23239
0.53118
0.29032

***
***
***
***

-0.85767 ***

-0.97724 ***

-0.91487 ***

10.328 ***
0.3630
0.3590

9.9413 ***
0.2528
0.2498

6.0236 ***
0.4004
0.3992

0.137060
0.202005
0.388839
0.213503

-0.08911 **
-0.03481
-0.07119
-0.03424
-0.68780
0.04012 .
0.05205 *

***
***
***
***

0.14382
0.28021
0.41474
0.20313

-0.831862 *** -0.86480 ***
0.001566
0.000001953
10.779 ***
0.3069
0.3024

12.130 ***
0.2352
0.2321

***
***
***
***

-0.91163 ***
0.00271 ***
5.5616 ***
0.3342
0.3326

Table 7: A comparison of the multivariate regression models for the revenues of nonprofit human service organizations (NHSOs) per person in both
2010 and 2018. All of the dependent, independent, and control variables were transformed using a natural log function.
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Table 8: A comparison of the binomial logit models for the clustering of nonprofit human service organizations (NHSOs) in both 2010 and 2018.
All of the independent, and control variables were transformed using a natural log function.
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i.

Rate of Adults without a High School Diploma
High school diploma completeness was consistently negative and statistically
significant in most socioeconomic variable-only models. In other words, as the rate of
adults without a high school diploma decreased, the number, revenues, and clustering
of NHSOs increased. However, combined with built environment variables in the full
models, its statistical significance was eliminated. Of those built environment
variables, correlation tests showed that educational attainment had the strongest
correlation with median house values. Therefore, while it appears the rate of adults
without a high school diploma contributed to socioeconomic need, its relation to
NHSOs may actually be a function of more educated people living in areas with
higher property values.

ii.

Rate of the Labor Force Unemployed
The unemployment rate was consistently negatively correlated across all models,
suggesting that NHSOs had a greater presence where there were more people
employed. However, this correlation was only statistically significant in 2010,
perhaps due to the decrease in unemployment and need for workforce development
services following the Great Recession.

iii.

Percentage of Income Spent on Rent
This variable was negative in every model except one, signifying that NHSOs
may be related to areas with greater levels of disposable income. However, measuring
rental cost burden only produced somewhat statistically significant results, suggesting
that it is not a factor that strongly influences NHSO locations or revenues. This
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finding may be a function of the standard rental practice which requires tenants to
provide proof of income that is three times greater than the rent.
iv.

Rate of Households Receiving Food Stamps
Receipt of SNAP and other public benefits shifted interestingly from 2010 to
2018. In the set of models for each dependent variable, correlation with the rate of
households receiving food stamps switched from positive in 2010 to negative in 2018.
Similarly to the unemployment rate, one might surmise that economic recovery
decreased the need for such services, and thus, their weight in attracting NHSO
response. However, this hypothesis runs counter to the summary statistics finding of
an increase in food stamp utilization across households during that time period. Alas,
this variable was only statistically significant in one model, so it is unlikely a major
factor that influences NHSOs.

v.

Life Expectancy
In the multivariate regression models, this variable was usually negatively
correlated and always stronger in the full model than the socioeconomic variable-only
model. This might suggest that projected life expectancy was reinforced by the built
environment, which supports scholarship that links public health and city planning
(Northridge, 2003). However, it only demonstrated statistical significance in one
model, so like the rate of food stamp recipients, it is unlikely that this alone is
tellingly influencing NHSO behavior.
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vi.

Rate of Children in Poverty
Childhood poverty was consistently positively correlated, but not statistically
significantly related to NHSO locations, revenues, and clustering. Only the binomial
logit models for clustering in 2018 demonstrated statistical significance. Poverty is
one of the most challenging of all social issues due to its intricate roots compounded
by trauma and stigma. If clusters of NHSOs were becoming more apparent in areas
linked to higher rates of impoverished children, this finding could be an
acknowledgement of that hardship and need for multiple interventions.

vii.

Rate of Minority Residents
Across all models, the coefficient for the rate of minority residents was
consistently higher in the socioeconomic variable-only models. Furthermore, in every
set of models except for one, the correlation switched from negative in the full model
to positive in the socioeconomic variable-only model. Of the built environment
variables used as controls, minority residents shared the highest degree of correlation
with location inside the principal city boundaries. Therefore, when this difference in
urban context is controlled for, the results suggested that NHSO presence is greater in
communities with fewer minorities. However, the variable was not statistically
significant in any of the full models tested.

viii.

Rate of Building Vacancy
The first of the built environment variables, the rate of building vacancy,
demonstrated positive correlation with strong statistical significance in every model
except for one. This consistent finding indicated that nonprofit human services had a
44

greater presence in neighborhoods experiencing higher rates of vacancy. In the
multivariate regression models, the coefficients were always higher in 2018 than
2010. Because higher vacancy rates tend to be related to lower property values,
perhaps this finding was a response from the nonprofit human services sector to take
advantage of more affordable real estate resulting from the Great Recession. On the
other hand, this trend over time was reversed in NHSO clustering, as the coefficients
declined from 2010 to 2018 (though they were still strongly statistically significant).
This finding may mean that as more vacant properties became occupied over time,
clustering became less likely as opposed to piecemeal infill.
ix.

Median House Values
This proxy for property values had the most explanatory power of any other
variable in the study, as it maintained high statistical significance in every model.
Overall, it was consistently stronger in the built environment variable-only models. In
the multivariate models, the coefficients were larger in 2018 than in 2010, suggesting
that NHSO totals and revenues were more associated with higher property values
over time. This finding is counterintuitive to their relationships with building
vacancy, which suggested that nonprofit human services may locate to higher
vacancy areas in search of more affordable real estate. When evaluating these
variables in tandem, it seems NHSOs may have been trying to locate as close to
potential resources as their limited budgets allow, which means setting up shop in the
higher vacancy parts of higher property value communities. It should be noted that for
NHSO clustering, the relationship with median house values decreased from 2010 to
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2018. As with building vacancy, this may be a reflection of a trend in which
clustering became less prevalent in higher property value areas as opposed to
piecemeal infill.
x.

Cluster Tracts (Binary)
The binary variable created in the spatial analysis to identify which census tracts
contained clusters of NHSOs was only used as an independent variable in the
multivariate regression models (this is because it became the dependent variable in
the binomial logit models). It was consistently positive and highly statistically
significant in it its relationship with NHSOs and their revenues, which is to be
expected as inherent to clustering.
When the cluster tract variable switched to the dependent variable in the binomial
logit models, the only statistically significant intercepts were from the built
environment models. This affirms the notion that clusters were more influenced by
the physical qualities of a community – such as building vacancy, property values,
and urban settings – than socioeconomic characteristics. These complementary
findings uphold McQuarrie and Marwell’s urban infrastructure framework, which
poses that nonprofits are uniquely shaped by and have the power to shape their
surroundings (2020).

xi.

Principal City (Binary)
The location of a census tract inside versus outside of the MSA’s principal city
boundaries was positively correlated and highly statistically significant in all
multivariate regression models. This means that NHSOs and their revenues tended to
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be more highly concentrated in urban areas. Though when this variable is used in
relation to clustering using binomial logit modeling, the correlation switched to be
negative and only statistically significant in one model. This is likely due to the way
in which the density-based clustering tool uses the relative distance of points to define
clusters. In other words, there was already a built-in control so that clusters would not
only appear in the urban core.

DISCUSSION
I. Key Finding #1: Evidence of clustering exists in the provision of nonprofit human
services.
This research sought to first answer the question of where NHSOs tend to cluster
within MSAs. The findings in the spatial analysis suggested that clusters were relatively
defined, not necessarily fixed, and seemed to become denser over time. The densitybased clustering tool is a newer approach to studying the nonprofit human services
landscape, so there are opportunities to refine this methodology in order to flesh out these
loose observations.
By returning to the effectuating theories of organizations, these findings take on
practical value. For example, clustering may be indicative of agglomeration effects,
which can reinforce environments that are more conducive for human services provision.
In addition to traditional land use planning, practitioners and policy leaders may stimulate
those effects through one tool that researchers call the “service hub concept,” which
encourages a critical mass of services to locate in close proximity for ease of access and
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efficiency of service delivery (Dear, et al., 1994). One example of a service hub concept
in action is the community school model. In these public-private partnerships, public
schools serve as community anchors to provide wraparound services through nonprofit
providers such as food pantries, clothing closets, mental health counseling, and even
preventative health and dental care. Community schools have garnered national attention,
and as of July 2021 the federal government set aside $443 million in the Build Back
Better plan to scale this model of human services provision (National Education
Association, 2022). This example is just one way that planners and policymakers can
spur the benefits of agglomeration through NHSO clustering.
Some critics decry the clustering of human services, claiming they have the
potential to “ghettoize” neighborhoods and promote poverty concentration (Dear, et al.,
1994 and Drier, 2014). For the purposes of planning, the provision of human services
should be agnostic to such normative assumptions since many NHSOs do not exclusively
serve impoverished populations. The urban infrastructure framework is useful in this
regard. As Brandtner and Dunning describe it, “Neither infrastructure of streets nor of
nonprofits are in themselves inherently good or bad, but are, in essence, constitutive of
city life” (2020).
Studying clustering also helps planners realize where gaps in services exist, which
researchers have termed “charity deserts” and “civic deserts” (Breeze & Mohan, 2015
and Brandtner & Dunning, 2020). Identifying where need is coupled with a lack of
support can spark response from community leaders in the public and private sectors.
This issue has been popularized with specific services, such as food deserts and childcare
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deserts, both of which have warranted a response from the planning community.
Mapping human services as a whole is just the first step to understanding which
interventions to prioritize.

II. Key Finding #2: NHSOs share stronger links to resources and built environment
characteristics than need.
Although the literature produces inconsistencies regarding how needs influence
NHSO locations and revenues, this research supports the more consistent verdict that
resources and built environment characteristics are better determinants. To be clear, this
is not to say that socioeconomic variables are unimportant to consider. According to
market failure theory, it simply means that the demand for these services does not
generate a direct response (Young, 2006). All said, the evidence suggests that measures
of need are likely best suited to study in single-site analyses, whereas measures of
physical environments are more generalizable as they relate to NHSOs.
Linear regression model fitting provided the first evidence of this since the built
environment variable-only models were consistently the strongest. These associations
were uniformly stronger with the number of NHSOs per capita as opposed to their
revenues, which means researchers must not assume that locations and dollars are
associated with the same stimuli. It is impossible to definitively say what caused the
decrease in explanatory power of the models from 2010 to 2018, though there are clues.
It is notable that our nation’s economic condition had far improved by 2018, which might
suggest a decline in the overall need for human services and, thus, the strength of
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association with their locations and revenues. The country also experienced a shift in
political tenor that favored federal devolution. In just one example, the federal budget for
2018 was poised to cut $4.8 billion from the budget of the Department of Health and
Human Services and $3 billion from Community Development Block Grants, which
often pass through municipalities to land on nonprofit balance sheets (Elis, 2017 and
Korte, 2017). These are two national changes that could impact nonprofit human service
primacies. However, as mentioned in the findings, it is reasonable to deduce that
decreasing the number of cluster tracts in 2018 resulted in changes in the model fit.
A few of the independent variables stood out as further support for the claim that
the built environment and its resources were driving factors in the NHSO landscape.
Most remarkably, median house values and building vacancy were consistently
significant and strongly related variables. They shared an interesting relationship with
NHSOs that might have suggested they were trying to get the most “bang for their buck.”
Nevertheless, some of the socioeconomic variables that were moderately, negatively
correlated with median house values – including low high school degree attainment,
unemployment, and rental cost burden – may have been circuitous reflections of available
resources. 7 Planners and policymakers seeking to influence NHSO location to areas of
fewer resources or greater need could target their land use tools to incentivize
development (e.g., zoning bonuses, mixed-use development, $1 land transfers) or
promote progressive development techniques (e.g., grant assistance, revolving loan funds,

In variance inflation factor tests, none of the variables demonstrated multicollinearity, so these
socioeconomic characteristics were not causally related.

7

50

capacity building). The observed links between government funding and nonprofit
activity suggested these could be powerful instruments for driving NHSO response and
affecting change (Lecy & Van Slyke, 2012).
The built environment may also be able to explain unexpected findings from the
childhood poverty variable (i.e., a statistically significant relationship did not appear until
tested against clustering in 2018). Just over a decade ago, researchers from the Brookings
Institution popularized the idea of the “suburbanization of poverty.” They observed that
widespread poverty brought on by the Great Recession disproportionately afflicted
suburbs, and in 2008 the nation’s largest suburbs sheltered 1.5 million more
impoverished people than their respective principal cities (Metropolitan Policy Program
at Brookings et al., 2010). If one accepts the assumption that clusters of NHSOs were
becoming denser outside of urban cores, as postulated in the spatial analysis, then
perhaps there were indeed links between the suburbanization of poverty and human
service sector response on a region-by-region basis. This is a premature conclusion that
would require much more robust testing, but it presents a new question that may be of
interest to researchers.

III. Limitations and Further Research
Limitations to this study exist, but so do opportunities as a result. One of the most
widely understood limits is the use of the National Center for Charitable Statistics
dataset. Because the IRS only requires organizations with revenues totaling $5,000 or
more to file a Form 990, the grassroots impacts of small nonprofits cannot be known.
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This also applies to religious organizations, which are not required to file tax returns but
often provide a wide range of social services. Likewise, for-profit providers like daycares
and tutors that are excluded from this analysis may alter fulfillment of the demand for
such services. In an added layer of investigation, it might be sensible to test whether the
types of organizations included in the NHSO definition map correspondingly to the issues
they are addressing. For instance, perhaps food and nutrition nonprofits share stronger
ties to areas with more SNAP recipients. It is likely that these narratives would be more
apparent when focusing on smaller scales, and coupling this type of study with casebased qualitative study could help further contextualize quantitative findings. On the
whole, capturing a fuller understanding of all the pieces that make up the social safety net
can strengthen these types of analyses.
Timing is also a limitation worth mentioning. As with many studies, data
constraints required the use of information collected in years that were slightly out of line
with the study period (e.g., life expectancy, building vacancy). This begs an interesting
question: How long does it take the nonprofit human services sector to respond to need?
In certain regions, a crisis can prompt the creation of nonprofits that continue to exist
long after the event occurred. For example, as of 2012, one out of every seven nonprofits
in New Orleans was created as a result of Hurricane Katrina (McKeever and Pollak,
2015). In non-emergency situations, however, immediate need does not necessarily
generate immediate response. It also remains to be known how the pandemic will impact
nonprofit human service provision long-term. More research on temporality in nonprofit
human services provision could shed light on the sector.
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Naturally, there are infinite externalities that can influence the location, revenues,
and clustering of NHSOs. This research is by no means exhaustive. Other points of
interest that have been somewhat or not at all studied by other researchers include NHSO
turnover, government investment in services, political affiliation of state and local
leadership, zoning and land use composition, proximity to for-profit providers,
accessibility of services (e.g., via transit or other modes), and so on. There are endless
opportunities for added variables (particularly those that represent the built environment),
statistical sophistication, and scopes of analyses tailored to the geographical scale in
question. To that end, alternate units of analysis would be valuable to explore. This study
used census tracts since it is a widely accepted unit that can easily be joined to other
datasets. However, census tracts are arbitrary administrative boundaries that do not
necessarily capture the service areas of NHSOs. As such, the conception of physical
space is another layer of nuance worthy of further study.
CONCLUSION
This research was dedicated to linking existing nonprofit research to city planning
scholarship. After all, the nonprofit human services sector is a tremendous force in the
daily lives of Americans. For many, these organizations are more than just charities –
they are the next couple of meals, safe spaces for children, access to education, stability
in times of chaos, and hopes for a brighter future. As of this writing, there are currently
an estimated 1.8 million nonprofit organizations in the United States (Center on
Nonprofits and Philanthropy, 2021). This study provides generalizable findings that as
the sector grows, NHSOs cluster in everchanging ways. Furthermore, they tend to locate
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in areas with greater community resources and certain built environment characteristics,
as opposed to those with the greatest need. There are tools in planning practice that can
be used to analyze and influence NHSO development, which serves as the backbone of
the social safety net. All in all, planners have a responsibility to understand these patterns
at every scale in order to better connect their communities with these lifelines.
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NTEE Code
B
B01
B02

Description
Education
Alliances & Advocacy
Management & Technical Assistance

NTEE Code
F
F01
F02

Description
Mental Health & Crisis Intervention
Alliances & Advocacy
Management & Technical Assistance

NTEE Code
J
J01
J02

Description
Employment
Alliances & Advocacy
Management & Technical Assistance

NTEE Code
L
L01
L02

Description
Housing & Shelter
Alliances & Advocacy
Management & Technical Assistance

NTEE Code
P
P01
P02

Description
Human Services
Alliances & Advocacy
Management & Technical Assistance

B03

Professional Societies & Associations

F03

Professional Societies & Associations

J03

Professional Societies & Associations

L03

Professional Societies & Associations

P03

Professional Societies & Associations

B05

Research Institutes & Public Policy Analysis

F05

Research Institutes & Public Policy Analysis

J05

Research Institutes & Public Policy Analysis

L05

Research Institutes & Public Policy Analysis

P05

Research Institutes & Public Policy Analysis

B11

Single Organization Support

F11

Single Organization Support

J11

Single Organization Support

L11

Single Organization Support

P11

Single Organization Support

Fund Raising & Fund Distribution

F12

Fund Raising & Fund Distribution

J12

Fund Raising & Fund Distribution

L12

Fund Raising & Fund Distribution

P12

Fund Raising & Fund Distribution

Support N.E.C.

F19

Support N.E.C.

J19

Support N.E.C.

L19

Support N.E.C.

P19

Support N.E.C.

B21

Preschools

F20

Substance Abuse Dependency, Prevention & Treatment

J20

Employment Preparation & Procurement

L20

Housing Development, Construction & Management

P20

Human Service Organizations

B28

Special Education

F21

Substance Abuse Prevention

J21

Vocational Counseling

L21

Low-Income & Subsidized Rental Housing

P21

American Red Cross

B70

Libraries

F22

Substance Abuse Treatment

J22

Job Training

L22

Senior Citizens Housing & Retirement Communities

P22

Urban League

B80

Student Services

F30

Mental Health Treatment

J30

Vocational Rehabilitation

L24

Independent Housing for People with Disabilities

P24

Salvation Army

B82

Scholarships & Student Financial Aid

F31

Psychiatric Hospitals

J32

Goodwill Industries

L25

Housing Rehabilitation

P26

Volunteers of America

B83

Student Sororities & Fraternities

F32

Community Mental Health Centers

J33

Sheltered Employment

L30

Housing Search Assistance

P27

Young Mens or Womens Associations

Residential Mental Health Treatment

J40

B90

Educational Services

F40

Hot Lines & Crisis Intervention

J99

B92

B84

Remedial Reading & Encouragement

F42

Sexual Assault Services

B94
B99
E
E01

Alumni Associations

Parent & Teacher Groups

F33

Temporary Housing

P28

Neighborhood Centers

Homeless Shelters

P29

Thrift Shops

Hotels (except Casino Hotels) and Motels

P30

Children & Youth Services

Alliances & Advocacy

L4B

Bed-and-breakfast inns

P31

Adoption

F52

Smoking Addiction

K02

Management & Technical Assistance

L50

Homeowners & Tenants Associations

P32

Foster Care

F53

Eating Disorders & Addictions

K03

Professional Societies & Associations

L80

Housing Support

P33

Child Day Care

Gambling Addiction

K01

L40
L41
L4A

Education N.E.C.

F54

Addictive Disorders N.E.C.

Labor Unions
Employment N.E.C.
Food, Agriculture & Nutrition

Health Care
Alliances & Advocacy

F50

K

K05

Research Institutes & Public Policy Analysis

L81

Home Improvement & Repairs

P40

Family Services

E02

Management & Technical Assistance

F60

Counseling

K11

Single Organization Support

L82

Housing Expense Reduction Support

P42

Single Parent Agencies

E03

Professional Societies & Associations

F70

Mental Health Disorders

K12

Fund Raising & Fund Distribution

L99

Housing & Shelter N.E.C.

P43

Family Violence Shelters

Research Institutes & Public Policy Analysis

F80

E11

Single Organization Support

F99

E12

E05

Fund Raising & Fund Distribution

E19

Support N.E.C.

I
I01

Mental Health Associations

K19

Support N.E.C.

M

Public Safety, Disaster Preparedness & Relief

P44

In-Home Assistance

Mental Health & Crisis Intervention N.E.C.

K20

Agricultural Programs

M01

Alliances & Advocacy

P45

Family Services for Adolescent Parents

Crime & Legal-Related

K25

Farmland Preservation

M02

Management & Technical Assistance

P46

Family Counseling

Alliances & Advocacy

K26

Animal Husbandry

M03

Professional Societies & Associations

P47

Pregnancy Centers

E32

Community Clinics

I02

Management & Technical Assistance

K28

Farm Bureaus & Granges

M05

Research Institutes & Public Policy Analysis

P50

Personal Social Services

E40

Reproductive Health Care

I03

Professional Societies & Associations

K2A

Other Vegetable (except Potato) and Melon Farming

M11

Single Organization Support

P51

Financial Counseling

E42

Family Planning

I05

Research Institutes & Public Policy Analysis

K2B

Soil Preparation, Planting, and Cultivating

M12

Fund Raising & Fund Distribution

P52

Transportation Assistance

E50

Rehabilitative Care

I11

Single Organization Support

K2C

Wineries

M19

Support N.E.C.

P58

Gift Distribution

E60

Health Support

I12

Fund Raising & Fund Distribution

K30

Food Programs

M20

Disaster Preparedness & Relief Services

P60

Emergency Assistance

60

E61

Blood Banks

I19

Support N.E.C.

K31

Food Banks & Pantries

M23

Search & Rescue Squads

P61

Travelers Aid

E62

Emergency Medical Services & Transport

I20

Crime Prevention

K34

Congregate Meals

M24

Fire Prevention

P62

Victims Services

E65

Organ & Tissue Banks

I21

Youth Violence Prevention

K35

Soup Kitchens

M40

Safety Education

P70

Residential Care & Adult Day Programs

E6A

Pharmacies and drug stores

I23

Drunk Driving-Related

K36

Meals on Wheels

M41

First Aid

P71

Adult Day Care

E70

Public Health

I30

Correctional Facilities

K40

Nutrition

M42

Automotive Safety

P73

Group Homes
Hospices

E80

Health (General & Financing)

I31

Half-Way Houses for Offenders & Ex-Offenders

K50

Home Economics

M60

Public Safety Benevolent Associations

P74

E86

Patient & Family Support

I40

Rehabilitation Services for Offenders

K6A

Meat markets

M99

Public Safety, Disaster Preparedness & Relief N.E.C.

P75

E90

Nursing

I43

Inmate Support

K6B

Confectionery and Nut Stores

Youth Development

P76

Homes for Children & Adolescents

E91

Nursing Facilities

I44

Prison Alternatives

K6C

Caterers

O01

Alliances & Advocacy

P7A

Residential Intellectual and Developmental Disability Facilities

E92

Home Health Care

I50

Administration of Justice

K6D

Mobile food services

O02

Management & Technical Assistance

P80

Centers to Support the Independence of Specific Populations

E99

Health Care N.E.C.

I51

Dispute Resolution & Mediation

K6E

I60

Law Enforcement

K6F

Snack and Nonalcoholic Beverage Bars

O05

Research Institutes & Public Policy Analysis

P82

Developmentally Disabled Centers

I70

Protection Against Abuse

K90

Limited-Service Restaurants

O11

Single Organization Support

P83

Women's Centers

I71

Spouse Abuse Prevention

K91

Supermarkets and Other Grocery (except Convenience) Stores

O12

Fund Raising & Fund Distribution

P84

Ethnic & Immigrant Centers

Drinking Places (Alcoholic Beverages)

O

O03

Professional Societies & Associations

P81

Supportive Housing for Older Adults

Senior Centers

I72

Child Abuse Prevention

K92

Convenience Stores

O19

Support N.E.C.

P85

Homeless Centers

I73

Sexual Abuse Prevention

K93

Fruit and Vegetable Markets

O20

Youth Centers & Clubs

P86

Blind & Visually Impaired Centers

I80

Legal Services

K94

All Other Specialty Food Stores

O21

Boys Clubs

P87

Deaf & Hearing Impaired Centers

I83

Public Interest Law

K95

Food (Health) Supplement Stores

O22

Girls Clubs

P88

LGBT Centers

I99

Crime & Legal-Related N.E.C.

K96

Warehouse Clubs and Supercenters

O23

Boys & Girls Clubs

P99

Human Services N.E.C.

K97

Food Service Contractors

O30

Adult & Child Matching Programs

K98

Full-Service Restaurants

O31

Big Brothers & Big Sisters

K99

Food, Agriculture & Nutrition N.E.C.

O40

Scouting

O41

Boy Scouts of America

O42

Girl Scouts of the U.S.A.

O43

Camp Fire

O50

Youth Development Programs

O51

Youth Community Service Clubs

O52

Youth Development - Agricultural

O53

Youth Development - Business

O54

Youth Development - Citizenship

O55

Youth Development - Religious Leadership

O99

Youth Development N.E.C.
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APPENDIX B: NHSO CLUSTER MAPS
Austin, TX

61

Buffalo, NY

62
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APPENDIX C: SUMMARY STATISTICS OF INDEPENDENT VARIABLES BY MSA

2010 Weighted Averages

Sacramento
No Clusters
Cluster Tracts
Indianapolis
No Clusters
Cluster Tracts
Buffalo
No Clusters
Cluster Tracts
Research Triangle
No Clusters
Cluster Tracts
Cleveland
No Clusters
Cluster Tracts
Philadelphia
No Clusters
Cluster Tracts
Austin
No Clusters
Cluster Tracts
Seattle
No Clusters
Cluster Tracts
Total

% w/o HS
Diploma

%
Unemployed

% on Food
Stamps

% of Income
Spent on Rent

Life
Expectancy

% Childhood
Poverty

% Minority

% of Buildings Median House
Vacant
Value

13.0

9.4

7.4

33.2

74.0

16.7

43.1

3.2

$366,317

13.5
11.7

9.6
9.1

8.0
6.2

33.0
33.6

74.3
73.4

17.1
15.6

45.0
39.0

3.2
3.3

$356,083
$389,751

12.3

7.9

9.2

29.3

73.7

17.4

23.7

5.6

$137,209

12.8
10.5

8.0
7.6

9.1
9.5

29.2
29.7

73.3
75.3

17.3
17.6

23.5
24.2

5.2
6.6

$135,841
$142,289

11.6

7.6

12.3

30.1

75.0

20.2

19.9

4.9

$108,111

11.5
12.0

7.3
8.4

11.5
15.1

30.0
30.5

75.9
71.6

20.3
19.6

17.5
28.4

4.5
6.1

$106,378
$114,356

10.6

6.7

6.7

28.7

69.5

13.9

35.5

1.8

$229,308

9.9
14.5

6.5
7.5

6.0
10.0

28.4
30.0

68.0
76.9

12.3
24.0

34.9
38.6

1.3
3.7

$227,515
$236,730

12.2

9.3

11.9

31.3

73.6

20.7

27.7

6.5

$145,080

12.5
11.2

9.3
9.0

11.8
12.2

31.7
29.7

73.9
72.6

20.5
21.3

28.6
25.0

6.5
6.5

$142,433
$153,899

12.7

8.2

10.3

31.7

76.0

18.2

35.7

2.9

$254,225

13.2
11.4

8.6
7.2

10.9
8.8

31.7
31.8

76.4
75.1

19.4
15.0

37.9
30.4

2.9
2.8

$244,023
$277,855

12.8

6.5

7.5

30.4

69.6

17.4

44.6

2.3

$204,988

13.7
10.2

6.5
6.6

8.2
5.8

30.2
30.8

68.8
71.8

18.0
15.7

46.6
38.9

2.3
2.3

$202,522
$212,806

8.8

6.9

8.8

29.7

76.8

12.8

30.6

2.6

$376,360

8.6
9.3

6.9
6.9

8.2
10.1

29.6
30.0

76.8
76.9

12.0
15.2

28.9
35.3

2.1
3.5

$375,398
$379,118

11.7

7.9

9.4

30.8

74.3

16.9

33.1

3.6

$244,531

% w/o HS
Diploma

%
Unemployed

% on Food
Stamps

% of Income
Spent on Rent

Life
Expectancy

% Childhood
Poverty

% Minority

11.0

6.8

10.6

32.5

74.2

18.2

47.3

2.3

$372,181

11.3
9.0

6.9
6.1

11.0
8.6

32.6
31.8

74.1
74.7

18.9
13.9

48.1
42.9

2.4
2.2

$368,351
$393,092

10.6

5.4

10.8

28.3

73.6

18.9

27.2

4.6

$144,762

11.2
7.8

5.5
4.8

11.3
8.5

28.8
26.1

73.3
75.1

19.6
15.2

27.9
23.7

4.5
5.0

$141,285
$162,360

8.6

4.9

15.9

28.6

75.0

21.2

22.4

4.9

$132,548

8.8
8.0

4.8
5.1

16.1
14.8

28.6
28.3

75.2
73.9

21.3
20.4

22.2
23.1

4.8
5.2

$131,856
$137,591

8.7

4.5

8.2

28.1

68.5

14.4

38.4

1.1

$265,490

8.6
8.8

4.6
3.9

8.2
8.4

28.1
27.6

68.0
73.1

14.1
17.8

38.7
35.9

1.0
2.1

$265,195
$267,596

9.8

6.8

15.2

29.1

73.7

21.7

30.0

6.1

$135,699

9.8
9.3

6.9
6.6

15.2
15.5

29.3
27.9

74.1
70.4

21.3
24.3

30.1
28.8

6.1
5.9

$133,194
$157,242

10.0

6.8

14.9

31.4

76.2

19.1

39.3

2.3

$266,726

10.2
9.1

6.9
6.2

15.2
13.1

31.7
30.2

76.6
74.1

19.8
15.5

40.5
33.0

2.3
2.3

$259,827
$302,491

10.3

4.3

7.8

29.6

69.3

14.5

47.6

1.0

$299,707

11.1
7.1

4.4
4.0

8.3
5.6

29.6
29.4

68.8
71.6

14.9
12.8

49.5
38.5

1.0
1.2

$288,156
$356,453

7.5

4.8

11.0

29.2

76.9

11.8

36.0

2.1

$441,042

7.5
7.6

4.8
4.6

10.9
11.3

29.3
28.7

76.9
76.8

11.5
13.2

35.5
38.5

2.0
2.5

$433,162
$487,328

9.5

5.7

12.1

29.9

74.2

17.0

37.1

2.9

$270,683

2018 Weighted Averages

Sacramento
No Clusters
Cluster Tracts
Indianapolis
No Clusters
Cluster Tracts
Buffalo
No Clusters
Cluster Tracts
Research Triangle
No Clusters
Cluster Tracts
Cleveland
No Clusters
Cluster Tracts
Philadelphia
No Clusters
Cluster Tracts
Austin
No Clusters
Cluster Tracts
Seattle
No Clusters
Cluster Tracts
Total

69

% of Buildings Median House
Vacant
Value

